This paper decomposes the overall market beta of common stocks into four parts reflecting uncertainty related to the long-run dynamics of stock-specific and market-wide cash flows and discount rates. We employ a discrete time version of Merton's Intertemporal CAPM to test whether these four sources of risk command different risk prices. The model performs well in pricing average returns on single-and double-sorted portfolios according to size, book-to-market, dividend-price ratios and past risk. It generates high estimates for the explained cross-sectional variation in average returns, lower average pricing errors than the Fama-French three factor model and economically and statistically acceptable estimates for the coefficient of relative risk aversion.
Introduction
Since the original statement of the Sharpe (1964) -Lintner (1965) static Capital Asset Pricing Model (CAPM), there is a considerable ongoing debate on whether its single risk measure, the market beta, can adequately describe the cross-section of average returns on individual stocks and portfolios sorted according to risk measures and firm-specific characteristics. Numerous studies have shown that the CAPM, at least in its unconditional form, performs poorly in explaining the cross-sectional variation of mean excess returns. 1 In a recent paper, Campbell, Polk and Vuolteenaho (2005) decompose the total market beta of common stocks into four components related to the covariance of unexpected changes in stock-specific cash flows and discount rates with unexpected changes in market-wide cash flows and discount rates. In this paper, we empirically test whether these four sources of risk are priced using a discrete time version of Merton's (1973) Intertemporal Capital Asset Pricing Model (I-CAPM).
Our study is closely related to a number of papers trying to identify long-run risks that could match the observed premia on various classes of assets. In a novel paper, Campbell (1991) shows that unexpected stock returns can be decomposed into the discounted sum of revisions in expectations about future cash flows and future discount rates. Campbell and Mei (1993) extend this analysis by studying the behavior of asset-specific cash-flow and discount-rate components of portfolio betas but do not provide any evidence on whether these parts of systematic risk carry individual risk prices. Bansal and Yaron (2003) and Bansal, Dittmar and Lundblad (2005) study the behaviour of dividends and aggregate consumption in a Consumption-CAPM (C-CAPM) and show that the exposure of dividends to changes in aggregate consumption (dividend-consumption beta) could match a large proportion of the cross-sectional spread of returns. Santos and Veronesi (2005) study the temporal behaviour of value stock returns and show that value stocks have higher cash-flow risk and moreover, the size of the value premium is increasing in relatively bad times due to variation in risk preferences through time. Hansen, Heaton and Li (2005) show that growth stocks have low long-run cash-flow covariation with consumption relative to value stocks and Parker and Julliard (2005) argue that the simple C-CAPM can match the cross-sectional distribution 1 For a recent review on the CAPM see, among others, Fama and French (2004) .
of excess returns when consumption risk is measured over the long-run. Da (2005) argues that a cash-flow beta along with a cash-flow duration beta can significantly increase the ability of the C-CAPM to explain the value premium. Finally, Bakshi and Chen (2005) show that compensations for cash flow risk and discounting risk could solve the aggregate equity premium puzzle of Mehra and Prescott (1985) .
Our work is most closely related to Campbell and Vuolteenaho (2004) and Campbell, Polk and Vuolteenaho (2005) . Campbell and Vuolteenaho (2004) show that the total market CAPM beta can be decomposed into a relatively "bad" market cash-flow beta, reflecting risk related to news about the market's future dividends, and a relatively "good" market discount rate beta, reflecting risk related to news about the market's future excess returns.
They argue that the two components of total market risk have different implications for the rational investor. Since shocks to market cash flows and market discount rates represent permanent and temporary shocks to overall wealth respectively, conservative investors are particularly averse to the former and require a premium which is a multiple of their attitude towards risk. As a result, discount rate betas are relatively "good" betas with low risk prices, whereas cash flow betas are "bad" betas with high risk prices. Empirically, Campbell and Vuolteenaho (2004) find that small stocks and value stocks have considerably higher cashflow ("bad") betas than growth stocks and large stocks, and this can explain their higher average returns. However, they restrict their analysis by assuming that "good" and "bad" betas are independent of whether the innovation in individual returns is due to unexpected changes in future cash-flows or discount rates of the company (see, also, Daniel and Titman.
2005).
More recently, Campbell, Polk and Vuolteenaho (2005) decompose the overall market beta into four betas, which reflect the covariance of unexpected changes in stock-specific cash flows and discount rates with unexpected changes in market-wide cash flows and discount rates. This decomposition of the market beta allows to answer the question whether the high "bad" beta of small and value stocks and the high "good" beta of growth stocks and large stocks are attributable to their cash flows or their discount rates. They estimate sample betas for 5 deciles of book-to-market sorted (growth-value) portfolios and show that growth portfolios' cash flows are particularly sensitive to temporary movements in aggregate stock prices (driven by market-wide shocks to discount rates) while value portfolios' cash-flows are highly correlated with temporary movements in market returns (driven by market-wide shocks to cash-flows). However, they do not study the four-beta decomposition of portfolios sorted on size (or other characteristics) and, more importantly, do not test the asset pricing implications of this four factor model thus leaving the question unanswered as to what economic forces determine the risk prices associated with these four sources of risk.
The present study extends Campbell, Polk and Vuolteenaho (2005) in three important respects: First, we relax the assumption of homoskedasticity of excess returns and compute risk-adjusted news about future cash flows and discount rates by controlling with the conditional volatility of returns and information variables which have predictive ability for future returns. Formally, we use a VAR-GARCH model to estimate news instead of a VAR model.
Our proposed method of controlling for conditional volatility is equivalent to assuming that investors put a lower weight to information originating from more volatile state variables when they update their forecasts about future returns and cash flows. It turns out that accounting for volatility can control for structural breaks in the exposure of value and growth stocks to cash-flow and discount-rate risks. In particular, we find that the spread in the discount rate "bad" beta between value and growth stocks does not change significantly after 1963, contradicting evidence presented in Campbell and Vuolteenaho (2004) . Second, we extend the analysis of Campbell, Polk and Vuolteenaho (2005) to size-sorted portfolios and ask whether long-run cash-flow and discount-rate risks can account for the size premium, i.e. the higher average return of small stocks relative to large stocks, and we find that it does. Third, we test whether the four components of the overall market beta are priced in the cross-section of stock returns according to a discrete version of Merton's (1973) I-CAPM that identifies changes in expectations about future dividend growth and future risk premia as long-run risk factors.
Overall, we find that the four-beta model shows considerable in-sample success in pricing monthly average returns over the period from December 1928 to December 2001. The model generates insignificant average pricing errors (which are much smaller compared to the popular Fama-French (1993) three-factor model), high estimates for the explained cross-sectional variation in average returns and statistically and economically acceptable estimates for the degree of relative risk aversion. Furthermore, we find that permanent shocks to market returns are the main determinant of the overall risk premium and their covariances with both portfolio cash-flow and discount-rate shocks earn equilibrium risk premia that are distinguishable from zero, but the premia associated with asset-specific dividend-growth news are greater than those linked to asset-specific future return news. More importantly, we provide evidence that, as predicted by economic theory, the coefficient of proportionality between the two premia is equal to the constant coefficient of relative risk aversion.
The remainder of the paper is as follows: Section 2 provides the theoretical decomposition of total market risk into four parts: cash-flow and discount-rate portfolio risks associated with market's cash-flow and discount-rate dynamics. Also, it develops the asset pricing framework that will be used for estimation. Section 3 describes the data and the econometric model used to extract the news components of unexpected returns. Section 4 reports the empirical results and Section 5 concludes.
Decomposing Risk and Return

Cash-Flow and Discount-Rate Risk
The starting point of our analysis is the decomposition of the unexpected return, developed by Shiller (1988a, 1988b) and further expanded by Campbell (1991) . We define the one-period holding real gross return on asset i as r i,t+1 = log(P i,t+1 + D i,t+1 ) − log(P i,t ), where P i,t+1 is the real stock price measured at the end of period t + 1 (ex-dividend) and D i,t+1 is the real dividend payment during this period. Approximating this return with a first-order Taylor expansion around the, assumed constant, mean log dividend-price ratio,
, we obtain:
, and ρ i = 1/[1 + exp(δ i )] being firm-specific constants. Campbell (1991) , using this approximation of log returns, goes one step further and derives a decomposition of the unexpected return, e i,t+1 = r i,t+1 −E t [r i,t+1 ], into revisions in expectations about future dividend growth rates (that is, growth rates of future cash flows) and revisions in expectations about future log returns (that is, future discount rates):
where N C i,t+1 and N D i,t+1 are defined as
, respectively, and
is the time t + 1 revision in expectations operator.
The above sums can be viewed as representing cash-flow and discount-rate "news" for the investor, since any upward or downward revision in her expectations at time t +1 (relative to the expectation at time t) should be consistent with the arrival of new valuable information at time t + 1. Moreover, as Campbell and Shiller (1988a) , and Campbell (1991) argue, equation
(2) must be considered as a consistent model of expectations since a positive (negative) unexpected return today must be only associated with an upward (downward) revision in expectations about future cash-flows, a downward (upward) revision in expectations about future returns, or a combination of the two. That is, although equation (2) does not restrict the generating mechanism of expectations or the asset pricing model that derives equilibrium expected returns, it restricts the way through which changing expectations due to "good" or "bad" news affect unexpected returns on any asset if investors' expectations are to be consistent with the observed asset prices.
The two components of unexpected returns in (2) can be viewed as permanent and transitory shocks to the value of the underlying asset. A positive unexpected return caused by an upward revision in cash-flow expectations represents a permanent positive effect on the value of the asset since it is never reversed subsequently, whereas a positive unexpected return generated from a downward revision in expectations about future returns can be viewed as a temporary shock to the asset price, since the capital gain today is at a cost of lower future investment opportunities. In the case where the underlying asset is the total wealth portfolio held by investors, these effects can be viewed as permanent and temporary movements in total wealth.
We now turn to link the sources of time variation in asset returns with the associated sources in the total wealth portfolio. Following Campbell and Mei (1993), we define the "market" or CAPM beta as the ratio of the conditional covariance of asset's and market's unexpected returns divided by the conditional variance of market unexpected returns:
where V ar t (.) and Cov t (.) are the conditional, at time t, variance and covariance operators, respectively. Given that the current innovation in returns on both the asset i and the market portfolio m can be written as the sum of cash-flow and (the negative of) discount-rate news (equation (2)), we obtain the following decomposition of the conditional market sensitivity β im,t which can be now written as the sum of four conditional "beta-like measures" of total market systematic risk:
where the individual components of total market risk, β i,CC,t , β i,CD,t , β i,DC,t , and β i,DD,t , are defined as:
,
The "beta-like" ratios in (5) are not the traditional conditional sensitivities used in APT models. These models identify betas to be equal to the univariate slope coefficient of a regression of unexpected asset returns on the unexpected component of the risk factor or the unexpected return of a factor mimicking portfolio if the factor is a traded asset. Rather, the this decomposition allows us to study the properties of the total CAPM betas' components and to ask whether these parts of systematic risk command different equilibrium risk prices.
Pricing cash-flow and discount-rate risk
In order to derive testable restrictions on the premia associated with the cash-flow and discount rate risks in (4), we need a risk story. For this purpose, we employ the recursive utility framework provided by Zin (1989, 1991) and Weil (1989) . The lifetime utility function of the investor is given by the recursive utility function U t , defined over current real consumption and future expected utility of real consumption:
where C t is current real consumption at time t, 0 < δ < 1 is the subjective discount factor, γ > 0 is the constant coefficient of relative risk aversion (CRRA), θ is a parameter defined as
, and σ > 0 is the elasticity of intertemporal substitution (EIS) between current and expected future consumption. Equation (6) has the advantage of breaking the tight link between CRRA and EIS given by power utility (γ = σ −1 ), thus, disconnecting investors' risk attitude across states of nature and across time. 2 The consumer is assumed to finance all her consumption plan entirely from her total real wealth W t , given the following dynamic budget constraint:
where R m,t+1 is the net real return on total wealth (or the market portfolio, m). Epstein and Zin (1989) solve for the optimal portfolio and consumption policies and show that the following set of conditional moment restrictions hold for each asset i:
The above set of non-linear moment restrictions can be linearized using the assumption of joint conditional log-normality of asset returns and consumption in the spirit of Hansen and Singleton (1983). Campbell (1993 Campbell ( , 1996 goes one step further and, using these strong assumptions along with the dynamic budget constraint in (7), derives the following crosssectional linear restrictions on assets' risk premia: 3
which using equation (2) for any individual asset as well as the market portfolio, m, gives:
The left part of equations (9) and (10) represents the risk premium in simple returns which, in log form, is equivalent to
) . The covariance-risk representation of the equity premium in (10) can be rewritten in terms of a "beta-like-premium"
representation (see, for example, Cochrane, 2001 ). Multiplying and dividing each conditional covariance term in (10) by the conditional variance of market's unexpected returns,
Var t (e m,t+1 ), we obtain the following representation for the risk premium of asset i:
where λ 0,t represents the conditional Jensen's alpha, the rest of the λs represent time-varying prices of beta risks, defined as λ CC,t = λ DC,t = γV ar t (e m,t+1 ) and λ CD,t = λ DD,t = V ar t (e m,t+1 ), respectively, and the betas are defined similarly to (5). Equation (11) states that the required risk premium on asset i is jointly determined by the covariances of assetspecific shocks to cash flows and discount rates with market-wide shocks to cash flows and discount rates. Similarly to Campbell and Vuolteenaho (2004) , a conservative risk-averse investor with γ > 1 demands a higher risk price for risks associated with market-wide cash-flow uncertainty (β i,CC,t and β i,DC,t ) rather than for risks linked to shocks to market returns (β i,CD,t and β i,DD,t ), since any positive (negative) shock to market discount rates is at a benefit (cost) of worse future investment opportunities, whereas the investor is never compensated later for every positive (negative) shock to dividends. Hence, the beta prices of market-related cash-flow risk, λ CC and λ DC , are a γ multiple of the beta risk prices of market discount-rate risk, λ CD and λ DD , respectively.
We are interested in studying average portfolio returns for a long sample of U.S. stock market and macroeconomic data in order to get comparable results to the literature of the unconditional CAPM and, more importantly, to the empirical findings of the two-beta model of Campbell and Vuolteenaho (2004) . Using the methodology described in the next section,
we proceed with an unconditional version of (11):
Data and Empirical Methodology
We study monthly US asset and macroeconomic data from December 1928 (12) is written in real log 4 Campbell and Vuolteenaho (2004) sort common stocks into 20 portfolios according to their past loadings on the market return and innovations on the VAR state variables. The purpose of their strategy is to generate portfolios with large spread in these loadings and thus overcome Daniel and Titman's (1997) observation that sorting only on firm characteristics could generate a spurious link between premia and risk measures. 5 The returns on book-to-market, size and dividend-price sorted portfolios, as well as on the Fama-French (1993) aggregate book-to-market and size factor mimicking portfolios (HML a SMB) are taken from Kenneth's French web site (http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html).
returns, we assume that for the monthly test interval we employ, inflation rates are almost fully forecastable, and thus we proxy real log returns with nominal log returns.
Following common practice, we use the following variables that have been successful in predicting the future state of the economy and asset returns: (a) the log excess market return r m − r f , defined as the difference between the log return on the value-weighted CRSP stock index portfolio and the log return on the risk-free rate, constructed by CRSP from T-bills with approximately 3 month maturity, (b) the log price-earnings ratio, p − e, taken from
Shiller (2000) and defined as the log of the S&P 500 index, scaled by the 10-year moving average of aggregate earnings of companies in the S&P 500 index, (c) the term yield spread, T Y, constructed by Global Financial Data and defined as the yield differential between tenyear taxable bonds and short-term taxable notes, and (d) the small-stock value spread, V S, defined as the difference between the log(BE/ME) of the small high-BE/ME portfolio and the log(BE/ME) of the small low-BE/ME portfolio. 6 Measuring cash-flow news and discount-rate news as the main sources of risk is central in our methodology. We follow Campbell (1991) and estimate the cash-flow news and discountrate news series using a first-order vector autoregressive (VAR) model. We first estimate expected returns and the revisions in expectations about future returns, E t [r t+1 ] and (E t+1 − E t ) P ∞ j=1 ρ j i r t+1+j , respectively. This practice has an important advantage as it relies only on the dynamics of expected returns and there is no need for modelling the dynamics of dividends. The latter are derived by the VAR estimates and the realizations of returns and state variables.
We assume that the data are generated by the following VAR model:
where error vector U t is given by:
where H t is the conditional covariance matrix and the innovations sequence {z t } follows an m-variate standard Gaussian distribution. The conditional covariance matrix, H t , is specified as a first-order diagonal BEKK model as suggested by Engle and Kroner (1995) :
where D is a lower triangular m × m matrix of constant parameters and M and G are diagonal m × m matrices of constant parameters. Provided that the data are generated by the process as specified in equations (13)- (15), the standardized residuals vector:
has the property of a multivariate i.i.d. process. We estimate (13)- (15) for the market return and for each individual portfolio return. We then compute cash-flow and discount-rate news as linear functions of the t + 1 vector of standardized innovations, z t+1 :
where e1 is a m × 1 vector with the first element equal to unity and the remaining elements equal to zero. The mapping of the standardized shock vector to the news vectors is given by 4 Empirical Evidence variables, namely the log price-to-earnings ratio and the small-stock value spread, negatively predict the market return, confirming previous results by e.g. Campbell and Shiller (1988a , 1988b , 1998 , Rozeff (1984) , French (1988, 1989) , Brennan, Wang and Xia (2001) and Eleswarapu and Reinganum (2004) ). The remaining columns of Table 1 We model the second moments of the error vector U t generated by the VAR model as GARCH (1,1) processes, i.e.,
Estimation of News Components for Market Portfolio
where h jt , j = 1, ..., 4, is the conditional variance of the j th variable's innovations, u jt , and k, µ, g are constant parameters. By accounting for time-varying volatility, we ensure that the distribution of the error vector U t , conditional on its past history, is normal, or, equivalently, the standardized residuals of the GARCH (1,1) models, z jt = u jt / p h jt , are normal. These normal and independent shocks are then fed into the mapping functions e1 0 λ and e1 0 +e1 0 λ, to retrieve cash-flow and discount-rate news. Table 3 summarizes the behavior of implied cash-flow news and discount-rate news components of market excess returns. The top panel shows that the standard deviation of discount rate news is twice the standard deviation of cash-flow news. This finding is consistent with Campbell (1991) and Campbell and Vuolteenaho (2004) . The bottom panel of Table 3 reports correlations of cash-flow and discount-rate news with innovations in market excess returns and state variables. Discount-rate and cash-flow news are negatively correlated with innovations in the market excess return, the price-earnings ratio and the value spread. In contrast, innovations to the term spread are uncorrelated with discount-rate and cash-flow news.
[INSERT 
Estimation of Stock-Specific News Components and Betas
The VAR-GARCH methodology presented in Section 2 has been applied to every single portfolio under consideration, using the same economy-wide state variables, in order to extract portfolio-specific cash-flow and discount rate news. Since data on dividend yields of individual portfolios are not available to us, we follow Campbell and Mei (1993) , and proxy individual discount factors, ρ i in equation (2), with the full-sample estimate of the discount factor of the market portfolio, ρ m = 0.9957. 7 The standardized innovations of the state variables are used to study the systematic risks and their relationship with average returns on portfolios of common stocks sorted on firm characteristics and risk. Empirical measures of the cash flow and discount rate betas in (4) are derived using a methodology similar to the one employed in Campbell and Vuolteenaho (2004) to ensure that our sample estimates are not affected by non-synchronous trading (especially in the early years of our 1928-2001 monthly sample) and under-reaction of stock prices to changes in the market index (especially for large stocks). 8 Our four sample betas, that will be used in the cross-sectional regressions, are defined as the "sum" of contemporaneous, one lag and two lags of the full-sample covariances of portfolio news at t + 1 with market news, divided by the time t + 1 full-sample estimate of the variance of standardized market return innovations, d V ar(z m,t+1 ). For example, the betas associated with shocks to assets' cash-flows and revisions in market fundamentals in (5) are estimated as follows:
and all the remaining betas in (5) are estimated accordingly.
In addition to the use of standardized innovations, however, our method of estimating the betas in (18) differs from Campbell, Polk and Vuolteenaho (2005) in one important respect:
While these authors estimate asset-specific discount-rate news from an asset-specific VAR where the state variables are portfolio-related attributes, we follow the advise of rational asset pricing theory and assume that both market and asset-specific returns are driven by a "common" set of economic variables. Hence, we use the same set of state variables in the VAR to forecast expected returns for all stocks. The innovations in these variables are then used as economy-wide risk factors in the cross-sectional asset pricing tests. 9 Although intuitively appealing, our method of computing asset-specific news is subject to the criticism that the use of common state variables in the VAR introduces a high degree of correlation between asset-specific and market-wide discount-rate news. However, since the log return of the portfolio examined enters each portfolio VAR as the first variable (see, equations (13) and (16) Six main results emerge from Table 4 . First, as reported in Panel A, the CAPM betas show little cross-sectional variation, confirming the results of numerous previous studies that the single-factor CAPM fails to generate the spread in betas required to describe the crosssectional differences in average returns.
Second, the observed spread in the two aggregate "bad" (cash-flow) and "good" (discount- Fifth, with the exception of the small decile, value stocks have both a larger cash-flow beta with respect to market cash flows, β i,CC , than growth stocks and a larger discount-rate beta with respect to market discount rates, β i,DD . Hence, value stocks are more risky than growth stocks because their cash flows are more sensitive to market cash-flow news and their discount rates are more sensitive to market discount-rate news. However, the net exposure of value stocks to changes in market discount rates, defined as β i,D = β i,DD + β i,CD , is lower compared to growth stocks because their cash flows are more sensitive to changes in market discount rates, explaining the findings of Campbell and Vuolteenaho (2004) that value stocks have a relatively lower ("good") discount rate beta.
Sixth, our decomposition of the CAPM beta can also contribute to understanding the size premium, i.e. the higher average returns of small stocks relative to large stocks. The same pattern of cash-flow and discount-rate betas observable across book-to-market sorted portfolios can also be observed across size-sorted portfolios. Small stocks have a larger discount rate beta with respect to market discount rates, β i,DD , than large stocks and a smaller (i.e. more negative) cash-flow beta with respect to market discount rates, β i,CD , than large stocks -see last row of Panels E and G -confirming the finding of Campbell and Mei (1993) that cash flows of small stocks are more sensitive to changes in real interest rates. However, the spread in β i,DD between small stocks and large stocks is larger than the absolute value of their spread in β i,CD . This finding suggests that the size premium is distinctively different from the value premium. Small stocks have higher "good" discount rate betas because their discount rates are more sensitive to changes in market discount rates. In contrast, growth stocks have higher "good" discount rate betas because their cash flows are less sensitive to changes in market discount rates. The higher "good" discount rate beta of small stocks may be due to the fact that small stocks are more dependend on bank credit than large stocks, which have better access to the equity market to finance their investment projects.
In order to check the robustness of our results to the choice of the sample period, we also report on the left-hand-side of each panel of 
Are Asset-Specific Cash-Flow and Discount-Rate Risks Priced?
We now proceed with cross-sectional asset pricing tests to evaluate the ability of our four-beta model to capture cross-sectional variation in average portfolio returns. The unconditional asset pricing model in (12) More specifically, we consider the following cross-sectional regression for the four-beta model:
and we test the above specification against the single-beta, CAPM: 10 We ran a series of Chow tests for structural breaks in the betas after December 1963 (available on request). These tests confirm that both cash-flow and discount rate betas are stable over time when time-variation in conditional volatility is taken into account in the construction of cash flow and discount rate news. In contrast, betas are structurally unstable when changes in conditional volatility are not accounted for as in Campbell and Vuolteenaho (2004) .
the two-beta I-CAPM:
and the FF three-factor model:
that adds the returns on size and book-to-market portfolios (namely, Small-Minus-Big (SMB)
and High-Minus-Low(HML)) as competing factors to the standard CAPM market return. 11 In all models (19) to (22), E T [R e i ] denotes the full-sample estimate of the mean risk premium defined as the sample mean (simple) return on each portfolio in excess of the (simple) risk-free interest rate. We estimate the unconditional unrestricted prices of beta risks for all models ("factor models") as well as for the following restricted I-CAPM version of the four-beta model in (19) :
This last version enables us to estimate the coefficient of relative risk aversion γ and test the restrictions imposed by the model (λ CC = λ DC and λ CD = λ DD ).
[INSERT TABLE 5 HERE]
Panels A to D of Table 5 report the empirical findings. For each asset pricing crosssectional regression, the table reports the estimated average pricing error (λ 0 ), the estimated beta prices of risk (λs) along with the standard errors (in parentheses), as well as the adjusted R 2 of the regression. Also, we conduct an F -test that all coefficients except the constant λ 0 are jointly equal to zero and we report the p-value of the test. For the two-factor and four-factor models we estimate both an unrestricted and a restricted version. Unrestricted 11 The SMB and HML betas in (22) were calculated as the ratio of the covariance of contemporeneous asset returns with the SMB and HML portfolios returns. Since, to our knowledge, there are no theoretical reasons to expect a delay in the response of stock prices to these book-to-market and size factors, we employ the standard methodology and not that described in (18) . However, the results are quantitavely the same when lags in the covariance terms of these betas are included.
estimates of the risk prices are obtained from a cross-sectional regression of average excess returns on a constant and the two and four betas respectively. The results are illustrated in the second and fourth column of each table. Given that the asset pricing restriction implies that the average pricing error in all models (19) to (23) must be equal to zero (under the null hypothesis that the model is correctly specified and the sources of risk (i.e. betas) provide a full description of the cross-sectional variation in average returns), we conduct a Wald test that λ 0 and the less statistically significant premium are jointly zero. If the test rejects the null hypothesis, we re-estimate the regression ignoring the constant given that the price of beta risk under consideration gets a lower p-value. Estimation results of the restricted models appear in the third and fifth column in all tables. Finally, for the four-beta model in (23), we report a Wald χ 2 statistic that tests for equality between the two pairs of risk premia related to market cash-flow and discount-rate risk (λ CC = λ DC and λ CD = λ DD ) as well as the estimated value (along with the p-value) of the coefficient of relative risk aversion, γ, and the price of "good" market risk λ. Asterisks ( * * * ), ( * * ) and ( * ) reported on the estimated risk premia (λs) indicate 1%, 5% and 10% statistical significance, respectively.
Our betas in (18) are estimated with errors. As a result, cross-sectional standard errors based on OLS are likely understated and p-values of F -tests and χ 2 tests are likely overstated since betas are assumed to be fixed in the cross-sectional regressions. In order to account for the uncertainty of the estimated betas, we conduct a set of Monte Carlo simulations as follows. First, we draw the betas from a normal distribution with mean and standard error equal to their sample estimates (see Table 4 ). Second, for each draw we run the asset pricing cross-sectional regressions and store the standard errors of the beta risk price estimates (λs and γ) and the p-values of the associated χ 2 tests of risk-premia equality (λ CC = λ DC and λ CD = λ DD ). We repeat this procedure 3.000 times and finally we report the average standard error of the estimated λs and γ, and average p-values of the χ 2 tests in squared brackets, respectively. 12 Table 5 reports the empirical findings for the 25 size-BE/ME double sorted common stock portfolios. Confirming the findings of Fama and French (1992) , the traditional static CAPM performs poorly in explaining the cross-sectional variation in average returns, resulting in a low adj.-R 2 equal to 3.4% and a highly significant average pricing error equal to 0.029 (s.e = 0.017) per month. We then ask whether the two-beta and four beta models with unrestricted prices of beta risks can improve the empirical validity of the standard static CAPM and it is clear that they both do.
The two-factor model of Campbell and Vuolteenaho (2004) (s.e = 0.739), and a higher adj.-R 2 of 55%. Also, the model yields the predicted difference between the level of risk prices for the components of market cash-flow and discount-rate risk:
the premia associated with market cash-flows (λ CC and λ DC ) are 5 to 6 times higher than those associated with market discount rates ( λ CD and λ DD ). Evidence based on simulations supports the theoretical restriction of equality between the two pairs of risk premia related to market cash-flow and discount-rate risk, respectively. The average p-values are 0.075 and 0.139 indicating that we cannot safely reject the null that λ CC = λ DC and λ CD = λ DD .
The last column of Panel A reports estimation results of the FF three-factor model.
As expected, the FF model produces the best fit among the four models with an adj.-R 2 of 80%. 13 However, it generates large and statistically significant pricing errors ( b λ 0 = 0.019, s.e. = 0.003) and, moreover, delivers a negative risk premium for the total market risk factor ( b λ m = −0.017, s.e. = 0.003). Overall, both the two-factor and the four-factor I-CAPM model perform better than the FF model in terms of pricing errors. Among the two I-CAPM specifications, the four-beta model performs better than the two-beta model both in terms of mean pricing error and adjusted R 2 .
Panel B of Table 5 reports our model estimates for three sets of 10 single-sorted portfolios according to book-to-market, dividend-price ratio and market value. Our four-beta model again improves the ability of the disappointing static CAPM and the well performing twobeta I-CAPM to capture the spread in mean asset premia. The proportion of the explained cross-sectional variability increases from 46.4% (two-beta model) to an impressive 83.1%, while the average pricing error is still highly insignificant. Most importantly, and even when the insignificant constant is included in the regression, all the slope coefficients (except λ CD ) are significant, indicating that the approach of decomposing cash flow and discount rate market risks yields interesting insights for the determination of average risk premia. Once the constant λ 0 is removed, however, all four risk prices are highly significant. Further, the factor of proportionality that is restricted to be equal to the coefficient of relative risk aversion is both economically and statistically significant (b γ = 5.304, s.e. = 0.551). For this group of portfolios, although we cannot reject the equality hypothesis for the market discount-rate premia λ CD and λ DD , we can safely reject it for the cash-flow premia. Again, the FF model produces a better fit (adj.-R 2 = 93%) but high and significant pricing errors ( b λ 0 = 0.005, s.e = 0.002 and 0.003 for simulated data).
We also test the empirical validity of our four-factor model using the 25 book-to-market portfolios as well as 20 risk portfolios sorted on market betas and betas associated with innovations to the state variables. 14 The approach of sorting stocks according to past risk 13 This is no surprise because mimicking portfolio models such as the FF model are more likely to beat structural asset pricing models in terms of cross-sectional R 2 due to the fact that they explain asset returns on the mean-variance frontier as linear combinations of a set of "mimicking" portfolio returns which also lie on the mean-variance frontier.
14 For recent studies that relate loadings of unexpected returns on innovations of macroeconomic state rather than firm-specific characteristics can gauge the impact of data snooping on empirical findings that reveal relationships between characteristics-sorted portfolio trading strategies and average returns. Panel C of Table 5 Finally, for experimental reasons, we include all the 5 sets of portfolios (25 size/bookto-market, 20 risk, 10 book-to-market, 10 dividend-price and 10 size sorted) in one crosssectional regression. Panel D in Table 5 reports the results. Similar to the previous empirical findings, the market overall beta, β im , explains none of the cross-sectional variation in average returns. Both the two-beta and the four-beta models again produce insignificant pricing errors and risk prices in line with economic theory. However, our four-beta specification in Overall, using a wide set of portfolios, we find that the four-beta model clearly improves the two-beta model of Campbell and Vuolteenaho (2004) in terms of statistical fit and performs far better than the three-factor Fama and French (1993) model in terms of average pricing error. Moreover, our estimates suggest that long-run cash-flow and discount-rate risk is priced according to Merton's I-CAPM with an economically reasonable CRRA coefficient.
Conclusions
This paper builds on the decomposition of the overall market risk into parts reflecting time variation related to the dynamics of portfolio-specific and aggregate market cash flows and discount rates. Third, we apply the four-beta model to size-sorted portfolios and ask whether it can account for the observed higher average return of small stocks relative to large stocks, i.e. the size-premium. We find that the same pattern of cash-flow and discount-rate betas observable across book-to-market sorted portfolios can also be observed across size-sorted portfolios.
However, the size premium is distinctively different from the value premium, requiring a different economic explanation. In particular, our findings suggest that small stocks have a higher "good" discount rate beta because their discount rates are more sensitive to changes in market discount rates, in contrast to growth stocks, which have higher "good" discount rate betas because their cash flows are less sensitive to changes in market discount rates. We hypothesize that the higher "good" discount rate beta of small stocks is due to the fact that small stocks rely more heavily on bank credit, in contrast to large stocks, which have better access to the equity market as a source of financing. We find that the risks associated with permanent shocks to market returns, as these are described by the two market cash-flow betas, earn higher unconditional risk prices compared to the risk prices associated with market discount-rate risks. However, all four components of the total market systematic risk are required in order to improve the ability of the static CAPM to capture the cross-sectional variation of mean premia on common stock portfolios. 
